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Abstract 
Anticipate and characterize damages in layered carbon fiber-reinforced polymers (CFRP) is a challenging problem. 
Non-destructive evaluation using ultrasonic signals is a well-established method to obtain physically relevant 
parameters to characterize damages in isotropic homogeneous materials. However, due to their structural complexity, 
composites require special care in signal interpretation. Some enhancements on the inversion and interpretation are 
proposed by adapting classical signal processing techniques, including spectral analysis, homomorphic 
transformations, linear prediction, and by defining weighted residue in the inverse procedure scheme. This study aims 
to evaluate the feasibility of the signal-processing based inverse problem to reconstruct experimental data sets at 
different levels of damage, and to present a comparative study between the above-mentioned techniques.  
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1. INTRODUCTION
Non-destructive evaluation (NDE) is an emerging technology that enables to raise the remaining life 
and reliability of nowadays structures, as well as to characterize advanced materials. Quantitative non-
destructive evaluation (QNDE) techniques are based on the use of theoretical models of the wave 
propagation to extract additional information from experimental measurements (Achenbach 2000). 
However, the complexity of the model suggests to compare directly the experimental measurements with 
the theoretical results. A possible approach to this problem is given by the inverse problem (IP) 
framework, provided by (Tarantola and Valette 1982).  
An essential element in NDE systems is the analysis of the captured signal, in order to extract relevant 
information from the tested specimen. (Pagodinas 2002) presented a review on ultrasonic signal 
processing methods for detection of defects in composites. The first proposals to solve the deconvolution 
problem in NDE use classical techniques, such as the Wiener filter, the spectral extrapolation (Sin and 
Chen 1992), or homomorphic deconvolution by computation of the cepstrum (Wooh and Wei 1998). The 
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cepstrum also has been used as an efficient parametrization tool for ultrasonics signals, since the cepstral 
coefficients involve deconvolutionated signal information (Harrouche et al. 2000).  
This work aims to develop a non-destructive monitoring system based on ultrasonic transmission of 
primary waves, including advanced signal processing techniques for determining damage parameters in 
composite materials. The main innovations of this study consist in including several signal processing 
techniques at different stages of the inversion scheme, namely the transformed domains of the mismatch 
quantification, and residual and cost functional definitions. Genetic algorithms (GA) are used as search 
algorithms during the optimization procedure, providing enhancements on the inversion and physical 
interpretation of the resulting damage parameters.  
This work is structured as follows: Section 2 outlines the main aspects of the developed methodology, 
containing some background on the inverse problem and the signal processing techniques. Section 3 
exposes the obtained results, while Section 4 discusses the feasibility of this modeling and its 
contributions. 
2. Methodology 
2.1. Experimental work description 
The specimen tested is a CFRP symmetric plate that consists of five layers. The damages were 
generated by applying free-fall impact energies, varying the mass and height of each impactor to obtain 
five relevant damage locations. The specimen was excited by low frequency ultrasonic burst waves at a 
central frequency of 5 MHz, a duration of one cycle (0.1 ȝs) and an amplitude that amounts to 5 Vpp. The 
signal response was measured at a point without damage for the calibration, and the measurement 
procedure was repeated seven times on each undamaged and damaged locations and registered during 30 
ȝs, in order to generate a relevant data set for the inversion scheme. Each measurement corresponds to the 
resulting average of 300 captures of the signal, providing an effective reduction of the noise of the 
detected signal response, according to the signal-to-noise relation defined as,  
1010 log (300) 25dB |  (1) 
The measurement have been discretized at a sample frequency of 200 MHz/12 bits, and the 
corresponding number of samples amounts to 1000. The forward problem simulation of the experimental 
system is proposed using a semi-analytical model of the wave interactions within the layers based on the 
transfer matrix formalism (Cretu and Nita 2004), describing the ultrasonic waves propagation in 
multilayered composites.  
2.2. Inverse Problem 
A signal processing-based inverse problem is applied to reconstruct the values of the damage 
parameters (p) that best fit the experimental measurements. The fundamental idea of the IP consists in the 
use of an iterative strategy based on the minimization of the discrepancy between the experimental and 
numerically predicted signal responses, denoted by sx and s(p) respectively, where (p) denotes the finite 
set of parameters used to describe the damage state of the system. The discrepancy is represented by a 
feature vector, called residue r, and defined as, 
( )xr s s p   (2) 
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Since two vectors cannot be compared directly, a scalar number is derived from them, called cost 
functional f, and defined as, 
2
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f r t dt ³  (3) 
According to (Lee and Wooh 2005), the parameters (p) that characterize the damage are found by a 
search algorithm that minimizes the cost functional, 
min ( )L
p
f p  (4) 
The damage parameters identification is performed according to (Fahim et al. 2010), assuming that the 
damage in each layer, respectively in each interface, is strongly correlated with a reduction of the Young 
modulus. Genetic algorithms (Goldberg 1989) are applied to minimize Equation (4), and provide the 
inverse problem optimal solution (Rus et al. 2009). The main innovation of this study consists in 
including various signal processing techniques at different stages of the inverse problem, as illustrated in 
Figure 1: First, both the experimental sx and the numerical s(p) signal responses can be parametrized in 
transformed domains, regarding an optimal representation of their features. A second step presents 
alternative definitions of the residue r, including some prior knowledge on the variance of the 
experimental measurements. Finally, some alternative definitions of the cost functional f are proposed.   
     
Figure 1: Representation of the signal processing-based inverse problem paradigm. 
2.2.1. Parametrization of the signals 
This section discusses the different signal processing techniques that have been integrated in the 
inverse problem scheme, applying them to the detected signal responses. Besides a classical 
representation in the time-domain, the proposed techniques include analysis in the frequency-domain, 
homomorphic transformations and linear predictive analysis.  
The analysis in the spectral-domain is performed by determining the power spectrum density (PSD) of 
the detected signal, easily obtained by applying the Fourier transform. The basic idea of homomorphic 
transformations consists of converting a convolution into a sum (Lim and Oppenheim 1988). The 
cepstrum of a discrete signal x(n), whose corresponding spectrum is denoted by X(Ȧ), is defined as the 
inverse Fourier transform of the logarithmic spectrum: 
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Generally, the spectrum X(Ȧ) is a complex and even function obtained by applying the Fourier 
transform. Thus, ˆ( )x n is usually called complex cepstrum even if it represents a real signal (given that 
log(X(Ȧ)) is also an even function). Alternatively, a real cepstrum can be obtained by considering the 
spectrum magnitude | X(Ȧ)|. In practice, this cepstrum can be obtained easily by applying the fast Fourier 
transform (FFT) as, 
  ( ) log ( )xc n IFFT FFT x nª º ¬ ¼  (6) 
where IFFT denotes the inverse fast Fourier transform. In an algebraic sense, the associated complex 
cepstrum could be obtained similarly. However, computing the complex cepstrum is usually cumbersome 
due to the unwrapping of the digital phase. Consequently, this study focuses on the use of the real 
cepstrum.   
It is usual to restrict the longitude of the cepstrum or number of cepstral coefficients, by applying a 
window to rule out higher quefrencies. This process is called liftering, and corresponds to a smoothing of 
the spectrum, preserving its spectral envelope while removing its fine spectrum information. Moreover, 
applying windows different from the rectangular one allows to weight the cepstral coefficients depending 
on their discriminative performance. 
Besides the FFT-based cepstra, a spectral LPC (linear predictive coding) model can be introduced, 
according to the pole-zero form definition, resulting in a smoother spectrum estimation, being less 
sensitive to spectrum variations. However, there are some uncertainties regarding this modeling: 
- Smooth spectrum estimation may not be appropriated for ultrasonic signals.  
- Determining the order of the LPC analysis for ultrasonics is an open issue, which do not have an 
intrinsic meaning as in other domains (Peinado et al. 2010).   
2.2.2. Residue definitions 
The residue, representing the discrepancy between the experimental and numerical signals, is 
commonly defined as the Euclidean distance between two feature vectors. If these feature vectors are real, 
then besides the classical definition, weighted residues are defined, including the variance of the damaged 
and/or undamaged measurements. It is worth to note that the variance of the coefficients from the 
experimental signals is close to zero when the signal intensity is low. Thus, a slightly different variance 
value is used in residue definitions by making use of the root mean square of the variance. 
Since the classical residue is strong correlated with the signals themselves, a weighted residue allows 
to discriminate in an equivalent way the parts of the signals with lower energy-content (wave interactions) 
as the parts with higher energy-content (echoes). In a probabilistic sense, residue definitions taking into 
account variance information can be understand as a prior knowledge on the measurements quality, and 
can thus give some enhancements on the interpretation of the damage level and location.  
If the features vectors are complex, the above definitions are extended. Let sx and s(p)  . be 
characterized by their respective magnitude and phase ȕ as, 
xx x is s e E  and ( )( ) ( ) i ps p s p e E   (7) 
N. BOCHUD et al. / Procedia Engineering 14 (2011) 169–176 173
such that, by multiplying the Euclidean distance by its conjugated part, an expression similar to a 
likelihood function can be obtained:  
 2 2( ( )) ( ( )) ( ) 2 ( ) cos ( )x x x x xr s s p s s p s s p s s p pE E             (8) 
Applying some algebraic transformation to Equation (8) allows to decompose the magnitude from the 
phase information and weight them by a factor w: 
      2( ) 2 1 ( ) 1 cos ( )x x xr w s s p w s s p pE E             (9) 
This formulation exhibits some advantages when dealing with complex residue, giving some issues 
whereabouts the damage affects mostly the magnitude or the phase of the ultrasonic signal, i.e. the 
envelope or the delay of the response.  
3. Numerical simulations 
This section presents some of the most relevant results, highlighting the profits and restrictions 
provided by the above-mentioned signal processing techniques. The first tackled problem is the 
calibration of the numerical model that solves the forward problem. This is achieved by a matching 
procedure in the respective transformed domains described above, in which two model parameters (the 
Young modulus and damping ratio of the polymer matrix) are adjusted by a gradient-based algorithm to 
find the optimal model configuration characterizing the undamaged state of the system.  
In a further step, the identification of the damage distribution is assessed by considering the following 
assumptions: 
- The damage parameters evolution is monotically dependent on the damage level. 
- Damage, such as delamination, concentrates mostly in the last interface opposite to the impacted 
side.  
Thus, assuming that the damage starts on the surface opposed to the impacted one and then propagates 
internally and nearly symmetrically, the configuration pattern for the damage parameters is chosen 
according to Figure 2, 
   
Figure 2: Configuration pattern for the damage parameters. 
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where the pi, with i = 1, ..., 3 stand for the Young Modulus of the layers Li and interfaces Ii, 
respectively, while parameter p1 denotes a linear combination of p1. Figure 3 shows the matching between 
some experimental measurements and numerically predicted results, highlighting the optimized values of 
the damage. 
 
Figure 3: Inverse problem solution computed (1) in the time-domain; (2) in the frequency-domain; (3) in the cepstral-domain.  
The robustness of the signal processing-based inverse problem is illustrated in Figure 4, where the 
damage correlation parameters are plotted against the impact energy values, highlighting that the elastic 
modulus consistently decreases while increasing the damage level. 
A careful interpretation allows to observe that the delamination in the last interface (p2), as well as the 
damage in the last layer (p3), occur at early stage of the impact energy and increase with the damage level. 
On the other hand, (p1) is close to zero, independently from the impact energy and the signal processing 
technique used, and thus indicates that the layers near the impacted surface remain undamaged at the 
considered energy levels. Since the reduction of the (p3) remains quite low and has an equivalent 
evolution for different signal processing techniques, its evolution does not provide obvious conclusion. 
However, the evolution of (p2) is variable, and tends to be more consistent when the IP is performed in 
the spectral o cepstral domains. Moreover, the use of a weighted residue definition allows to reduce the 
variance of the damage parameters.  
4. CONCLUSIONS 
This work has shown the feasibility of the signal processing-based inverse problem to reconstruct the 
damaged mechanical properties of composite materials. This requires a robust inverse problem solution 
technique, as well as a reliable forward modeling of the propagation. A numerical method has been 
developed, including advanced signal processing techniques in an identification inverse problem. The 
identificability of each damage parameter has been assessed and the preliminary results have exhibited 
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the feasibility of this method. The results have shown that the distribution of the damage and its structural 
severity can be anticipated at early stage of impact energy.  
Among the used signal processing techniques, the spectral and cepstral analysis seem to be an 
appropriate tool for parametrizing the signals and performing the inverse problem scheme. Even if the 
results do not have lead to precise conclusions, the cepstral analysis has allowed to reduce the size of the 
features vectors to compare, and has demonstrated that both the lower and higher quefrencies need to be 
considered. Moreover, the including of a prior knowledge on the measurements variance in terms of a 
weighted residue has improved the performance of the damage identification process.            
 
Figure 4: Evolution of the damage parameters by increasing impact energy computed (1) in the time-domain; (2) in the frequency-
domain; (3) in the cesptral-domain.   
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